Optimized Scheduling Of Electric Vehicle Charging And Discharging In A Vehicle-To-Grid System by Hosseinpour, Shima
  
 
 
 
 
OPTIMIZED SCHEDULING OF ELECTRIC VEHICLE CHARGING AND 
DISCHARGING IN A VEHICLE-TO-GRID SYSTEM 
 
 
 
 
A Thesis  
SUBMITTED TO THE FACULTY OF  
UNIVERSITY OF MINNESOTA 
BY 
 
 
 
 
Shima Hosseinpour 
 
 
 
 
 
 
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS 
FOR THE DEGREE OF MASTER OF SCIENCE IN ENGINEERING MANAGEMENT 
 
 
Adviser: Dr. Ona Egbue 
 
 
 
June 2015 
 
 
 
  
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
© Shima Hosseinpour 2015 
 
  i 
Acknowledgements 
 
I would like to take this opportunity to acknowledge all who have helped, assisted and 
supported me in the completion of this thesis.  
I would like to primarily thank my adviser Dr. Ona Egbue for her precious guidance 
and support in this research over the past two years.  
I would also like to thank my thesis examining committee, Dr. Ryan Rosandich and 
Dr. Wenqing Zhang for their time and insightful comments and recommendations.  
I would like to acknowledge the Chancellor’s Fellowship I received from the QMA 
fund at the University of Minnesota Duluth. I would also like to thank Dr. Hongyi Chen, 
who have supported me in getting this fellowship.  
I am very grateful of my parents, Reza Hosseinpour and Ziba Hedayati and my 
brother Nima for their endless support and love. I am also grateful of all my friends and 
fellow students in the MIE department for their friendship and support.  
I would like to dedicate this thesis to my husband, Hossein Tohidi, who has always 
been there for me, supporting and encouraging me, especially in the past two years. He has 
been my main motivation in starting and accomplishing my Masters’ degree, specifically 
this thesis.  
 
 
  ii 
Abstract 
 
The increase in electric vehicle (EV) demand and the associated electricity load on the 
power network have made researchers to start working on managing and controlling EVs’ 
connection time to the electricity grid. Vehicle to grid concept was introduced to enable 
EVs to connect to the grid and discharge their extra electricity to the network so that the 
utility company could use it for regulation purposes. In this thesis, offline and online 
scheduling optimization models are developed for EV charging and discharging. The 
objective of the optimization models is to maximize the satisfaction of EV customers. 
Customer satisfaction is incorporated using different factors through multiple scenarios. In 
the offline model, all EVs and grid information are known for the V2G management to 
decide the scheduling for EVs. Mixed integer linear programming is used to solve the 
offline model. The result of the offline model is the optimum solution the scheduling 
problem could get. On the other hand in the online model, which is a more realistic case, 
EVs arrival and departure times and their parameters are not identified in advance. For this 
model, rolling horizon optimization is used in the online scheduling algorithm. Applying 
rolling horizon enables the author to get the optimal solution for the online model. Mixed 
integer linear programing is linked with a MATLAB algorithm to solve the online 
scheduling model. A numerical example, including a large number of EVs in a parking lot 
is generated to test the efficacy of both proposed models.  
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CHAPTER 1 
 
 
INTRODUCTION 
 
1.1 Thesis Overview 
 
In recent years, governments and societies have called for more sustainable 
practices to protect the environment. A major source of concern is the effect of fossil fuel 
use on the environment.  Oil supplies are not infinite and are declining. Environmental and 
health issues together with air pollution, which are mainly brought about by fossil fuel 
consumption are causing people to seek new technologies for transportation. Almost one-
half of the United States (U.S.) carbon dioxide emissions are generated from transportation, 
and almost one-half of all petroleum used  in the U.S. are used for motor gasoline (Heutel 
& Muehlegger, 2010). Moreover, according to the U.S. Department of Energy's 
aletranative fuels data center (2015),  about 33% of the U.S. petroleum consumption comes 
from foreign countries. DOE also states that transportation accounts for three-quarters of 
total U.S. petroleum consumption. 
Green transportation or sustainable transportation means “Transportation that 
meets the current transport and mobility needs without compromising the ability of future 
generations to meet these needs” (Black, 2004). Some of the main developments taking 
place today which are aligned with the green transportation are alternative energy sources 
such as hydrogen, bio-fuels, and natural gas to power internal combustion engines (ICE), 
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accompanied by new transportation technology such as electric vehicles (EV) 
(Hosseinpour & Egbue, 2015) 
In an internal combustion engine, gasoline or diesel fuel generates mechanical 
energy to run the vehicle (Richardson, 2013). Alternative Fuel Vehicle (AFV) is the term 
used for vehicles running on at least one substitute fuel to petroleum such as; electricity, 
bio-fuel, and compressed natural gas (Egbue & Long, 2012). A major problem of using 
alternative fuels is that they have a lower energy density than gasoline, which ends up 
having a shorter range (Shukla, Pekny, & Venkatasubramanian, 2011). The number of EVs 
are increasing because of their potentiality in decreasing CO2 emissions, and transportation 
costs (Egbue & Hosseinpour, 2014). Only in 2014, 570,475 EVs are sold in United States 
(Electric Vehicles Transportation Association, 2015).  
A rise in the number of EVs mean more electricity draw on the power grid, which 
would cause blackouts in the network. By the use of Vehicle to Grid (V2G) system, and 
EVs participation in this system, power could be discharged back to the electricity network. 
This technology helps in regulation of demand, and makes up for the higher EV prices by 
providing the opportunity for owners to sell the electricity back to the utility company. 
Essentially, charging and discharging schedules of EVs in a V2G system will need to be 
controlled and managed. In this study, optimum offline and online scheduling of EVs are 
developed to maximize EV owners’ satisfaction from participating in a V2G system.  
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1.2 Objectives of Thesis 
In this thesis, the first objective is to develop the mathematical modeling for optimized 
schedule of EV charging and discharging in a V2G system to maximize customer 
satisfaction. Second, by considering different scenarios, it is intended to examine the effect 
of each factor on customer satisfaction, for instance; how does considering unfulfilled 
electricity requests affect EV owner’s satisfaction?, or how does considering a limited 
number of battery switching have effect on increasing customer satisfaction?  
As the next objective, developing both offline and online scheduling will help the 
author to compare the results of these two models and make appropriate conclusions. In 
the offline model, all the electricity network data and EV related information are known in 
advance. Thus, the model schedules charging and discharging for EVs based on all these 
information. But in the online model, the electricity grid information is the only data which 
is known beforehand, and EV specifications are not identified until they enter the system. 
Therefore, the model schedules charging and discharging for an EV, without knowing any 
information about other EVs in the system.  
The next objective of the model is to test the efficacy of the proposed online 
methodology to find out how different the results of online model are from the offline 
model. In the literature, heuristics/meta heuristics algorithms are mostly used for dynamic 
scheduling problems, in which the results are not guaranteed to be globally optimum. But 
in this thesis, rolling horizon optimization approach is used which results in a global 
optimum solution. It is expected that the results of online model be very close to the offline 
model, which has the optimal solution.  
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1.3 Thesis Outline 
This thesis is organized into five chapters. The remainder of this thesis is as follows:  
In Chapter 2, a literature review is provided. This chapter includes information 
regarding EVs background and their different types, introduction to V2G system, offline 
scheduling literature, online scheduling studies, and rolling horizon technique.  
In Chapter 3, the research methodology is discussed. The developed mathematical 
models for both offline and online scheduling, along with the online scheduling algorithm 
are presented in this chapter.   
In Chapter 4, results of this study are provided. Offline and online model results, 
as well as the comparison of the results of these two models are discussed in this chapter. 
Chapter 5, includes the concluding remarks and future research directions.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  5 
 
CHAPTER 2 
 
 
LITERATURE REVIEW 
 
2.1 Electric Vehicles 
  
Electric vehicles (EVs) are types of vehicles powered by electricity. There are 
different types of electric vehicles: hybrid electric vehicles (HEVs), plug-in hybrid electric 
vehicles (PHEVs), and battery electric vehicles (BEVs). HEVs have higher fuel economy, 
since they include both an internal combustion engine and a rechargeable battery (Heutel 
& Muehlegger, 2010). They have a mixture of the best attributes including: being 
environmental friendly, having fuel efficiency, and meeting economical needs of 
consumers without having the range problems of EVs (Graham, 2001). In HEVs, the 
battery is recharged by a second engine which most often is a combustion engine. Thus, 
they do not need to be connected to the electricity grid in order to charge. Looking at HEV’s 
history of development, it can be seen that they were successful in the market. There has 
been an increase in HEVs’ share of U.S. market from 0.4% of all retail sales in May 2004 
to 3.6% in July 2009 (Heutel & Muehlegger, 2010).  
The PHEV is another type of electric vehicle. PHEVs can be refueled from both 
the electricity grid, or at a gas station. Their battery capacity is larger than that of HEVs, 
which is the main reason of their higher cost compared to HEVs (Grahn & Söder, 2011). 
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PHEVs’ battery can power the vehicle for distances between 20 and 60 mile (Sovacool & 
Hirsh, 2009). According to the Minnesota Pollution Control Agency, PHEVs would drop 
CO emissions around 60–70% in comparison to internal combustion engines (ICEs). 
Furthermore, PHEVs reduce carbon dioxide emissions by 59% to 66%, nitrogen oxides 
from 48% to 80%, and particulate matter from 66% to 76% (Sovacool & Hirsh, 2009). A 
great example of PHEVs in the market is Chevy Volt which its 2015 model sells for almost 
$34,000 (Chevrolet, 2015).  
BEVs are another type of electric vehicles powered solely by a rechargeable 
battery. Their battery is usually larger than PHEVs’ which can run for a longer range, and  
having a full charge, BEVs can run for up to 100 miles (Egbue & Long, 2012). Nissan Leaf 
is one of BEV models in the market. The 2015 model of Nissan Leaf sells for almost 
$36,000 (Nissan, 2015).  
One of the main issues for resistance to purchasing an EV is range limitations 
(Tsang, Pedersen, Wooding, & Potoglou, 2012). People are used to internal combustion 
engines, which can run for almost 600-700 km (370-430 miles) before refueling. 
Customers mostly fuel their ICEs once a week, but EVs’ battery may need recharging once 
a day (Grahn & Söder, 2011). Based on Denholm & Short (2006), in the U.S., almost 50% 
of  people drive less than 42 km per day, and 90% less than 150 km (93.2 miles). Based on 
the information given above, BEV would almost cover the 100 miles needed by American 
drivers. Since PHEVs run on both electricity and gasoline, they have a higher range of 379 
miles (Berman, 2011). Therefore, both BEVs and PHEVs can meet the range needs and 
there should not be a big range concern among people.  
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In recent years, EVs’ market has increased. In 2011, the U.S. government set a goal 
of having one million EVs on the roads by 2015 (U.S. Department of Energy, 2011b). 
Figure 1 shows the overall growth trend of plug-in sales in each year. As can be seen in the 
figure, since 2011 and after the one million goal was set, plug-in vehicles sales in the U.S. 
has been increased. The number of plug-in sales for 2015 is by month of April. 
 
Figure 1. Overall growth- total yearly plug-in sales (Electric Vehicles Transportation Association, 2015) 
 Figure 2 also shows plug-in EV sales market trend from Jan 2011 to Jan 2015. 
 
Figure 2. Plug-in sales market trend (Electric Vehicles Transportation Association, 2015) 
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In 2014, 570,475 EVs were sold in the United States (Electric Vehicles 
Transportation Association, 2015), including hybrid electric vehicles, plug-in hybrid 
electric vehicles, and battery electric vehicles. 
As the number of EVs increase, they need more electricity from the electricity grid 
to be charged. Owners will charge their EVs at homes as well as at public charging 
infrastructures. This will cause a massive upsurge in the electricity network. According to 
Ipakchi & Albuyeh (2009), charging an electric vehicle means doubling the average 
electricity load. This higher load of electricity, needs to be addressed by developing 
infrastructure and technologies to mitigate such occurrences.   
2.2 Vehicle to Grid System 
One way to deal with the increase in EV demand, the intensified peak loads, and to 
keep grid stable is the application of vehicle to grid (V2G) (Egbue & Hosseinpour, 2014). 
In a V2G system, EVs will be used to manage the electricity load by serving as energy 
storage units and store energy from the grid during off-peak hours, and will discharge and 
deliver electricity back to the grid during peak hours (Egbue & Hosseinpour, 2014). Put in 
other words, EVs can provide ancillary services like regulation, and match generation to 
load if their charging and discharging are scheduled very carefully (Lin, Leung, & Li, 
2013). 
The advantage of V2G for transportation is to decrease petroleum consumption, 
enhance the economy and national security, and provide a better environment (Sovacool & 
Hirsh, 2009). Also EV owners can lower their costs of utilizing their EVs by participating 
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in the V2G system. The revenue an EV owner can get from V2G participation reduces the 
total cost of ownership, therefore the price gap between EVs and ICEs decreases (Lunz, 
Yan, Gerschler, & Sauer, 2012). In addition, driving an EV is more beneficial for BEV 
consumers since electricity is cheaper than gasoline. In figure 3, the price of gasoline and 
the eGallon (electricity) price over time till 2013 is being shown. 
 
Figure 3. Price of gasoline and eGallon price over time (US Department of Energy, 2013) 
Gasoline prices depend on the international markets, so it oscillates through time, 
but electricity prices are regional and more stable. BEV customers would not need to worry 
about sudden unpredictable inflations in their fuel prices.  
In order to be able to deploy V2G, certain infrastructure will be required which 
would be expensive to implement. Smart grid is a part of this infrastructure. Amin (2011) 
introduces smart grid as using computers, and other communicating, sensing, and 
controlling technologies with an electric power grid. It also shows that the main purpose 
of smart grid is to improve reliability of delivering electricity, minimize electricity cost for 
customers, and accelerate the interconnection of alternative energy sources to the grid. In 
2007, the United States congress passed the Energy Independence and Security Act setting 
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specific goals for the development of smart grid in the country. There was an investment 
of about $7 billion on smart grid technologies in the U.S. (Amin, 2011). Moreover, devices 
should be able to operate with bi-directional power flow, and charging devices should 
communicate with the utilities (Grahn & Söder, 2011). Electric vehicles can be charged 
overnight at residential homes, or during the day at work or other public charging stations. 
Charging infrastructure are one of the main part of a V2G system. Electricity as an 
alternative fuel has lower density compared to gasoline. This causes EVs to have shorter 
driving range than ICEs (Shukla et al., 2011). Therefore, “drivers of EVs tend to be 
overcautious when planning their journeys”, which is called “range anxiety” (Tsang et al., 
2012). This range anxiety has acted as a barrier to adoption of EVs in a large scale. One 
solution to address range anxiety is through development of public charging infrastructure 
(Dong, Liu, & Lin, 2014). As of April 2015, there were 9,428 charging stations equipped 
with 24,016 outlets in the U.S. (U.S. Department of Energy, 2015). 
Different elements form a V2G system such as, power company (grid and utility), 
aggregators, and EVs, all of which have different effects on its operation (Hosseinpour & 
Egbue, 2015).  
Connecting electric vehicles to the electricity grid may need additional investments 
in the electricity generation and transmission capacity. Furthermore, there may be 
intensified wear on transformers, power quality issues, distribution system losses, and 
voltage fluctuations (Richardson, 2013). According to Kintner-meyer, Schneider, & Pratt 
(2007), the existing grid capacity in the U.S. is adequate if 73% of the current light-duty 
fleet consisted of PHEVs. On the other hand, another study showed that if BEVs have a 
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penetration rate of 25% in 2020 in 13 U.S. regions, and if all of them are connected to the 
grid at around 5 p.m every day, 160 new power plants are required to provide the extra 
electricity for those vehicles (Guille & Gross, 2009). This 160 additional power plants are 
in a case of uncontrolled charging of EVs. However, using V2G and a smart charging and 
discharging scheduling of EVs, the increased load could be managed. For example, a study 
with the assumption of 5 million PHEVs in California’s grid showed if  charging time is 
managed and happened during off-peak hours, the extra load would not require installing 
new generation plants (Sanna, 2005). Figure 4 shows this load during different time of day.  
 
Figure 4. Typical California load vs load with 5 million PHEVs if charging at nights (Sanna, 2005) 
Therefore, considering the grid and power company point of view is really 
important in the operating and scheduling of a V2G system. The next element of a V2G 
system is the aggregator. An aggregator is an agent that is placed between the power 
company and EVs in order to control and coordinate their charging and discharging (Lin 
et al., 2013). It is an actor at the electricity market which manages charging and discharging 
of electric vehicles, in order to meet the minimum bid at the control power market and 
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regulation of electricity grid (Grahn & Söder, 2011). In the case of power emergencies, if 
the grid requests extra electricity, it is the aggregator which takes action and replies to the 
grid with the increased or decreased charging rates; this is called regulation service. The 
amount of increase or decrease in charging rates is called regulation capacity (Jin, Tang, & 
Ghosh, 2013).  
The electric vehicle is the other actor and perhaps the most important element in 
the V2G system. According to Kempton & Tomić (2005), vehicles are being used only 4% 
of the time for transportation. This shows a 96% rate of availability to be utilized for other 
purposes such as a vehicle to grid system. Both PHEVs and BEVs can be connected to a 
V2G system. For electric vehicles to be able to operate in the V2G, or in other words 
become gridable, they should have three components; a power connection to the electricity 
grid, a control and/or communication device that allows the grid operators access to the 
battery, and precision metering to track energy ﬂow (Sovacool & Hirsh, 2009) 
With any EV in the V2G system, there is a customer associated. Any decision 
related to participation of EVs in the V2G system is made by their owners. EVs’ 
availability, and scheduling of charging/discharging are tied to their owners’ life pattern, 
working schedules, and overall behavior, all of which are key factors in the system. Grahn 
& Söder (2011) believe EV owners are important not only because they are counted as 
customers of the system, but also stakeholders too, since they should sign a permission 
agreement for the usage of their vehicles’ battery. 
  According to Sovacool & Hirsh (2009), deploying V2G means 6.5 million less 
barrels of oil every day. They also showed that if a 15 kW battery is placed in the 191 
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million cars in the United States, and all of them connect to V2G and simultaneously 
discharge electricity back to the grid, 2,865 GW electricity will be generated. Although 
this scenario is hypothetical, this amount of electricity would be two times more than the 
total capacity of all the generators in the U.S.  
2.3 Electric Vehicle Scheduling Problems 
2.3.1 Overview 
  Smart charging and discharging is the term used for intelligent control over the 
charging and discharging of the vehicles. This means charging when electricity is at its 
lowest price and demand, and/or discharging when electricity is at its highest price and 
demand (Richardson, 2013).  
Scheduling problems of charging and discharging EVs have been studied by 
previous scholars. A charging and discharging schedule is a preplanned time series of 
charging and discharging electricity (Sundstrom & Binding, 2012). Different studies 
optimized scheduling problems from different perspectives. Most of these studies were 
focused mainly from the perspective of the electric utilities with less concentration on 
customer satisfaction (Egbue & Hosseinpour, 2014). As explained before, customers are 
one of the most important agents in a V2G system. If they are not satisfied, they may not 
participate in the V2G. Therefore, considering them in the EVs’ scheduling problems is of 
great import. Customer satisfaction is the main focus of this thesis.   
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Scheduling problems can be both offline (static) and online (dynamic). In the 
offline problems, it is assumed that all the information is available ahead of time, thus V2G 
system management are aware of the number and the specifications of EVs going to enter 
the system. On the other hand, in the dynamic scheduling problems, not all the required 
information is identified in advance for planning. EVs’ flow in the system are not known 
beforehand, and charging and discharging requests are received over time and at will.  
Identifying the optimal scheduling for charging and discharging EVs is key to the 
success of V2G, as well as encouraging both customers and electric utilities to operate this 
technology. Previous scholars worked on both offline and online scheduling of EVs’ 
charging and discharging which are reviewed in the next subsection.  
2.3.2 Offline Scheduling of Electric Vehicles 
There are several papers on offline optimization regarding the technical side of EVs 
scheduling from a power company’s point of view, some of which only concentrate on 
EVs’ charging without considering the V2G system, such as the model by Mets, 
Verschueren, Haerick, Develder, & De Turck (2010), to minimize peak load and level the 
whole load profile.  
Some other papers used meta heuristic algorithms such as particle swarm 
optimization (PSO) in modeling the offline scheduling problems (Saber & 
Venayagamoorthy, 2009, Wu, Chau, & Gao, 2010, Hutson, Venayagamoorthy, & Corzine, 
2008). For example, the objective of  optimization problem in (Saber & Venayagamoorthy, 
2009) was to minimize total running cost including: fuel cost, startup cost, and V2G cost. 
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In another study (Wu, Chau, & Gao, 2010), the authors proposed a new multilayer 
framework for V2G system. The contribution of this proposed framework was to introduce 
the intragrid concept.  Furthermore a cost-emission analysis has been developed and solved 
using particle swarm optimization from a power grid company perspective, with the 
objective of minimizing the operational costs and emissions as well as to improve system 
reliability. In the next paper (Hutson, Venayagamoorthy, & Corzine, 2008), the authors 
applied particle swarm optimization to maximize EV owners’ profit.  
Some research took into consideration customers’ financial benefits along with the 
technical constraints of the electricity grid. For instance, Honarmand, Zakariazadeh, & 
Jadid (2014a) developed a nonlinear mathematical program for the offline scheduling 
problem, considering technical constraints as well as financial constraints.  
To summarize, the previous scholars’ offline scheduling models were mostly from 
utility or aggregator perspective, whereas in this thesis scheduling models are developed 
from customers stand point and to maximize their satisfaction. Moreover, meta heuristic 
algorithms and nonlinear modeling were the most popular methodologies in the literature, 
while mixed integer linear programing is the methodology used in this thesis. Furthermore, 
unlike some of the papers in the literature, this thesis schedules for both charging and 
discharging of EVs in a V2G system. 
2.3.3 Online Scheduling of Electric Vehicles 
Just like the offline studies, there are several papers focused on EVs online 
scheduling that considered the technical side which may have been even overlooked the 
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V2G system as wells as the discharging of EVs. As an example, in (Cao, Tang, Li, Zhang, 
& Member, 2012), an online optimized EV charging model has been developed to 
minimize charging cost using a heuristic model to solve the optimization model without 
considering the discharge of EVs. In (Lin et al., 2013), The authors optimized EV charge 
and discharge schedules from a utility company’s perspective to minimize fluctuation and 
regulation in demand.  
Other than those highly technical scheduling problems, there are some papers 
which also addressed financial gains. Here, scholars considered the monetary benefits of 
EV owners and aggregators as well as the technical side of the V2G. Both heuristic and 
meta heuristic algorithms were used in these studies (Mal, Chattopadhyay, Yang, & Gadh, 
2012, Sortomme & El-Sharkawi, 2012, Soares, Sousa, Morais, Vale, & Faria, 2011, Han, 
Han, & Sezaki, 2010, Jin et al., 2013). For instance, in (Mal, Chattopadhyay, Yang, & 
Gadh, 2012), the authors proposed a meta heuristic algorithm and tried to schedule 
charging during the cheapest time and discharge during the most expensive time. As an 
another example, in (Sortomme & El-Sharkawi, 2012), an online V2G heuristic algorithm 
was formulated to maximize proﬁts to the aggregator. Aggregator’s profit is associated 
with maximum system benefits such as additional system ﬂexibility and low costs to the 
customers. In another study by Soares, Sousa, Morais, Vale, & Faria (2011), an online 
particle swarm optimization algorithm was generated from the aggregator point of view to 
minimize the total generation cost incorporating generation production cost as well as V2G 
discharge payment. Then, to compare and evaluate this PSO, an offline mixed-integer 
nonlinear programming was developed and implemented in General Algebraic Modeling 
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System (GAMS). In the next work by Han, Han, & Sezaki (2010), a centralized scheduling 
model was developed using dynamic online algorithm, to maximize revenue for the 
aggregator from regulation services. The aggregator’s revenue comes from the cost of 
charging EVs plus the revenue gained by providing regulation services. The authors of 
another paper worked on financial benefits, but overlooked the discharging part of EVs 
(Jin et al., 2013). They studied EVs’ charge scheduling problem from the point of view of 
customers by reflecting both aggregator’s revenue and customer’s costs and demands. 
They modeled both online and offline scenarios. Linear programming was developed for 
the static problem and heuristic algorithms were generated for dynamic problem. This work 
focused on EV charging and did not address the V2G system and discharging of EVs.  
 In Honarmand, Zakariazadeh, & Jadid (2014b), the authors proposed a stochastic 
V2G scheduling model for charging and discharging EVs in an intelligent parking lot. The 
objective of this stochastic modeling was to maximize the profit of an intelligent parking 
lot. Another paper by Su & Chow (2012) proposed an online algorithm for optimally 
managing PHEVs at a parking lot considering customers’ preferences and interests. The 
mathematical framework was developed to maximize the average state of charge of EVs. 
The V2G system and discharging of EVs have not been contemplated in this study.  
  In the other work, Pan, Bent, & Berscheid (2012) studied a centralized real time 
scheduling of PHEVs. First, the offline scheduling problem was mathematically modeled 
and then four different online algorithms were developed, all of which were heuristic 
algorithms. The objective function was to schedule EVs’ charging with minimum cost. 
This study was from an EV owner’s perspective, but did not consider V2G operation. 
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To summarize, the previous scholars’ online scheduling models were mostly from 
power company or aggregator perspective, whereas in this thesis online scheduling model 
is developed from customer perspective to maximize their satisfaction. Heuristic and meta 
heuristic algorithms were the methodologies which were mostly used in the literature. 
However those methodologies do not guarantee a local or global optimal solution 
respectively. Thus, rolling horizon optimization is used as the methodology of online 
scheduling in this thesis to get an optimal solution. Charging and discharging of EVs are 
both incorporated in the scheduling model of this thesis.   
2.3.4 Rolling Horizon Optimization Approach 
Looking at the online EV scheduling studies, it can be seen that almost every one 
used heuristic or meta heuristic algorithms for modeling EVs dynamic charging and 
discharging problem. It should be noted that the results of the heuristic and meta heuristic 
algorithms are not necessarily optimal. Those methods mostly find only a good solution 
for the optimization problem. There is no guarantee that they will give a global optimal 
result (Hosseinpour & Egbue, 2015). One of the objectives of this thesis is to get an optimal 
solution even for the online scheduling problem of EVs. A methodology to use to achieve 
this objective is the Rolling Horizon Optimization (RHO) approach. Therefore, RHO is 
utilized in developing the online optimization algorithm in this thesis.   
Rolling horizon optimization breaks the dynamic scheduling problem with a long 
period into simple static scheduling sub-problems with shorter periods. Therefore, RHO 
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reduces the complexity of the initial dynamic problem (Dishan, Chuan, Jin, & Manhao, 
2013). At every period, the current information is used to solve the optimization problem.  
A rolling horizon problem can be executed in a forward or backward manner. The forward 
and backward rolling horizon techniques are the same processes; the only difference is that 
forward approach starts the process from the beginning of the period, while the backward 
one starts from the end (Al-Ameri, Shah, & Papageorgiou, 2008). 
Rolling horizon optimization has been used in different areas including power 
generation, manufacturing and production planning, health care planning, shipping and 
logistics, supply chain, and scheduling problems (Nease & Adams, 2014, Moniz, Barbosa-
Póvoa, & de Sousa, 2014, Gartner & Kolisch, 2014, Sheng, Lee, & Chew, 2013, Dishan et 
al., 2013, Al-Ameri et al., 2008). A lot of these studies showed the efficiency of rolling 
horizon methodology. For example in the work done by Nease & Adams (2014), utilization 
of rolling horizon optimization decreased the sum of squared errors (SSE) between demand 
and supply profiles in power generation, meaning a better load-following performance.  
Another example is the study by Gartner & Kolisch (2014) in health care industry. 
They incorporated the stochastic nature of data by using rolling horizon approach. This 
paper proved that a rolling horizon technique has better results than heuristic algorithms. 
For instance, waiting time between admissions, surgery time, and patients’ stay time in the 
hospital were reduced significantly after using rolling horizon approach.  
Moreover, according to Sheng, Lee, & Chew (2013), the advantages of using 
rolling horizon are: being less computational challenging, reducing computer memory 
requirement and solve time, and using newer information in each period.  
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To our knowledge, there is no published work on the charging and discharging 
scheduling of electric vehicles in a V2G system using rolling horizon optimization 
approach. We are applying forward rolling horizon approach to develop our dynamic EV 
scheduling algorithm in this thesis (Hosseinpour & Egbue, 2015). 
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CHAPTER 3 
 
 
RESEARCH METHODOLOGY 
 
3.1 V2G System Specifications 
 
In this thesis, both offline and online charging and discharging scheduling models 
are developed. EVs in this study are considered to be connected to the electricity grid for 
charging and discharging in a public charging station, which is a smart parking lot. The 
objectives of both scheduling optimization problems are to maximize EV owners’ 
satisfaction in the V2G system (Egbue & Hosseinpour, 2014, Hosseinpour & Egbue, 2015).  
We consider customers are satisfied if they; 1) make the maximum profit from 
discharging their EVs 2) charge their EVs at the minimum electricity cost 3) get the 
minimum difference between the departure state of charge (SOC) and the desired state of 
charge (Egbue & Hosseinpour, 2014) and 4) switch their EV battery between different 
charging and discharging modes as little as possible.  
In the V2G system considered in this study, EVs enter a public charging station 
which is a parking lot equipped with EV charging stalls. This parking lot is managed and 
controlled by an aggregator. The V2G system architecture is depicted in Figure 5. Main 
components of the V2G system are EVs, aggregator, and the power company.  
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Figure 5. V2G system architecture (Hosseinpour & Egbue, 2015) 
In both offline and online charging and discharging scheduling models, three 
different scenarios are developed. In the first scenario, only EV owners’ profit from 
discharging and cost of charging are addressed in the objective function. So, the model is 
expected to schedule EVs so that they discharge more than being charged. In the second 
scenario, unfulfilled charging requests are considered as well as the profit from 
discharging. Thus, a penalty cost for uncharged electricity is added to the objective function 
of the second scenario. In the third scenario, a limit is taken into account for the maximum 
number of switches an EV battery can have, based on its battery age. This limit is 
incorporated in the constraints of the model. So, the objective function of the third scenario 
remains the same as the second scenario.  
3.2 Offline Scheduling Model 
3.2.1 Overview 
EVs 
Power 
Company 
Aggregator 
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In the offline problem, all of the information, such as the specification of the 
electricity grid as well as EVs are known in advance. Assuming that everything is known 
for the parking lot management ahead of time, a mathematical model is developed for the 
offline problem. The V2G management can plug all of the parameters of EVs and the grid 
into the mathematical model and find the optimal charging and discharging scheduling for 
electric cars.  
3.2.2 Model Notations: 
As previously explained, the offline scheduling problem is developed in three 
different scenarios in order to compare the effect of different factors in the optimization 
model. The indices, parameters and variables used in all the three scenarios are presented 
below.  
Indices: 
i EV index  
t Time index 
Parameters: 
ai Arrival time of EV i  
di Departure time of EV i 
isoci Initial state of charge for EV i in terms of electricity units 
ui Desired state of charge for EV i in terms of electricity units 
cpt Electricity capacity in terms of electricity units, available for the smart parking lot 
to be used for charging EVs in period t  
  24 
ct Price of each electricity unit (in cents) for charging EVs in period t  
pt Price of each electricity unit (in cents) from discharging EVs in period t  
mri Minimum desired number of electricity units to keep in the battery of EV i during 
discharging  
mci Maximum battery capacity for EV i in terms of electricity units 
bai Battery age of EV i 
nswi Maximum number of switches allowed for EV i  
Variables: 
xit Binary variable representing EVs’ charging. xi =1 only if EV i is being charged in 
period t ,and xit=0 elsewhere. Since only one electricity unit can be charged to each EV in 
each period, the value for xit also represent the number of electricity units being charged to 
the EV i in period t.  
yit Binary variable representing EVs’ discharging. yit=1 only if EV i is being 
discharged in period t ,and yit=0 elsewhere. Since only one electricity unit can be 
discharged from each EV in each period, the value for yit also represent the number of 
electricity units being discharged to the EV i in period t. 
mdit Mode of EV i in period t . This shows whether EV is being charged, discharged, or 
is idle. mdit=1, only if EV i is being charged at period t (xit=1), mdit=-1, only if EV i is 
being discharged at period t (yit=1), and mdit=0 when EV i is idle in period t.  
zi Integer variable representing number of unfulfilled electricity units for EV i. 
socit State of charge of EV i in period t in terms of electricity units. 
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swit Binary variable representing if EV’s battery switched or not. swit=1 only if EV i is 
switched in period t ,and swit=0 elsewhere. 
When an EV enters the system, there is certain information that are required to be 
sent to the aggregator of the parking lot. Arrival time (ai) will be captured as the time the 
ith EV entered the charging station. The EV owner provides the parking lot management 
with the time they will depart the system (di), the initial state of charge of the EV (isoc), 
the desired state of charge for the EV when exiting the system (ui), the battery capacity 
(mci), and battery age (bai) of their EVs, along with their desired minimum number of 
electricity units which the battery should not be discharged below in each period (mri).  
Note that, mri is specified by the EV owner to make sure their EV has the minimum amount 
of charge if they want to depart the parking lot before the estimated di.  
3.2.3 Mathematical Modeling: 
The objective function for the first scenario is explained in equation (1). 
Maximize (Customer Satisfaction)=Max (Price of discharging), Min (Cost of 
charging) 
(1) 
 
From equation (1), in order to maximize customer satisfaction, EV owners should 
make the maximum amount of money from discharging electricity back to the grid and pay 
the minimum amount of money to the utility for charging their EVs. This objective function 
is described mathematically in equation (2). 
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𝑀𝑎𝑥 (∑ ∑ 𝑦𝑖𝑡
𝑖𝑡
∗  𝑝𝑡 − ∑ ∑ 𝑥𝑖𝑡
𝑖𝑡
∗ 𝑐𝑡 ) 
(2) 
To make customers more satisfied, unfulfilled electricity units (zi) are added in the 
second scenario. By unfulfilled electricity units, the author means the difference between 
the identified desired state of charge of ith EV and the actual state of charge of that EV 
when departing. Specifying a desired state of charge shows that customers prefer to leave 
the V2G system having that amount of charge for their EVs. Unfulfilled electricity units 
are incorporated into the objective function. To normalize it with other cost factors in the 
objective function, a weight (pci) is used. This weight is the penalty cost for unfulfilled 
electricity units. Based on this new parameter, the objective function for the second 
scenario is shown in equation (3) and equation (4) below.  
Maximize (Customer Satisfaction)= 
Max (Price of Discharging), Min (Cost of Charging), Min (Unfulfilled Charge) 
(3) 
 
  𝑀𝑎𝑥 (∑ ∑ 𝑦𝑖𝑡
𝑖𝑡
∗  𝑝𝑡 − ∑ ∑ 𝑥𝑖𝑡
𝑖𝑡
∗ 𝑐𝑡 −  ∑ 𝑝𝑐 ∗ 𝑧𝑖
𝑖
 ) (4) 
Note that the objective function of scenario three is the same as scenario two. 
Therefore, objective function of the third scenario is the same as equation (4). 
Model constraints for all three scenarios are explained respectively. The constraint 
in equation (5) controls the charging and discharging of EVs in the system. Based on this 
equation, the total electricity units from charging, summed with the unfulfilled electricity 
units minus the total discharged electricity units should be equal to the desired state of 
charge minus the initial state of charge of that EV. 
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∑ 𝑥𝑖𝑡
𝑡=𝑎𝑖: 𝑑𝑖
− ∑ 𝑦𝑖𝑡
𝑡=𝑎𝑖: 𝑑𝑖
+ 𝑧𝑖 = 𝑢𝑖 − 𝑖𝑠𝑜𝑐𝑖          ∀ 𝑖 
(5) 
  
Equation (6) puts a cap on the amount of electricity which can be used for charging 
EVs in the parking lot. The sum of the total charged electricity units for all EVs in all the 
periods must be less than or equal to the defined grid capacity. The electricity capacity 
available for the parking lot to be used in V2G, cpt, is equal to electricity generation in each 
period, minus the non-EV electricity demand in that period 
∑ 𝑥𝑖𝑡
𝑖
≤  𝑐𝑝𝑡        ∀ 𝑡 
(6) 
The state of charge of each EV in every period is calculated using Equation (7). 
According to this constraint, the SOC in each period for each EV is equal to its SOC in the 
previous period, plus the amount of charge the EV gained minus the amount of electricity 
the EV discharged at that period. Equation (8) defines the state of charge for the ith EV in 
period 0 as the initial state of charge of that EV. 
𝑠𝑜𝑐𝑖𝑡 = 𝑠𝑜𝑐 𝑖( 𝑡−1) + 𝑥𝑖𝑡 − 𝑦𝑖𝑡         ∀ 𝑖 , 𝑡 | 𝑡 ≥ 1 (7) 
𝑠𝑜𝑐𝑖0 = 𝑖𝑠𝑜𝑐𝑖      ∀𝑖 (8) 
The following two equations consider a lower limit and an upper limit for state of 
charge of each EV in each period. According to Equation (9), the state of charge for EVs 
in each period should not be less than the minimum desired number of electricity units for 
that particular EV. Respectively, Equation (10) implies the state of charge for each EV in 
each period should not be more than its battery capacity. 
𝑠𝑜𝑐𝑖𝑡 ≥ 𝑚𝑟𝑖              ∀ 𝑖 , 𝑡 (9) 
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𝑠𝑜𝑐𝑖𝑡 ≤ 𝑚𝑐𝑖              ∀ 𝑖 , 𝑡 (10) 
Equation (11) controls charging and discharging of each EV in each period to 
prevent concurrency. 
𝑥𝑖𝑡 + 𝑦𝑖𝑡 ≤ 1            ∀ 𝑖 , 𝑡 (11) 
According to equations (12) and (13), EVs must not be charged or discharged 
before arriving at the parking lot or after departing the system.  
𝑋𝑖𝑡 = 0       ∀ 𝑖, 𝑡 | 𝑡 > 𝑑𝑖  & 𝑡 < 𝑎𝑖 (12) 
𝑦𝑖𝑡 = 0       ∀ 𝑖, 𝑡 | 𝑡 > 𝑑𝑖 & 𝑡 < 𝑎𝑖 (13) 
All the above explained constraints are common in all three scenarios. Scenarios 
one and two have the same constraints but different objective functions. Scenario three has 
the same objective function as the second scenario, but, besides all the constraints in 
scenarios one and two, scenario three has the switching number constraint as well. 
According to Grahn & Söder (2011), as the number of charging and discharging increased, 
the battery would exhaust faster. Therefore, as explained above, to make customers more 
satisfied, a limited number of switches is considered in the third scenario. The maximum 
number of switches (nsw) for each EV is identified by their battery age. Based on the 
assumption made, if the battery age is less than or equal to 3 years, the nswi is 8. It is less 
than or equal to 7 years but greater than 3 years, nswi would be 7. Finally, if the battery age 
is more than 7 years, the allowed number of switches is 5. The battery age information, bai, 
is given by the EV owner to the parking lot upon arrival to the system. Then, based on the 
battery age and the rules defined above, the nswi for each EV is considered. According to 
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these explanations, the following equations are added as the extra constraints for the third 
scenario.  
 Equation (14) determines the mode of each EV in each period. Based on this 
equation, if Xit=1, which means EV is being charged, the mode will be 1. Additionally, if 
the EV is being discharged, meaning Yit=1, the mode will be -1. Furthermore, if none of 
charging or discharging happens (Xit and Yit=0), it means EV is idle in the system, and the 
mdit will be 0.  
𝑚𝑑𝑖𝑡 = 𝑥𝑖𝑡 − 𝑦𝑖𝑡             ∀ 𝑖 , 𝑡 (14) 
Equations (15) and (16) altogether calculate the switching numbers and determine 
if switching happened or not. The method used with these two equations is to compare the 
mode of ith EV at period t with the mode of same EV at the previous period (t-1). As the 
result of these constraints, swit will be 1, if the mode of EV i is changed at period t, and it 
will be 0 if the mode of EV i is not changed. Based on the definition of mode and equations 
(15) and (16), switching happens when EV’s mode changes in one of the following ways: 
from charging to discharging, from discharging to charging, from idle to charging, from 
idle to discharging, from charging to idle, and from discharging to idle.  
𝑚𝑑𝑖𝑡 − 𝑚𝑑𝑖(𝑡−1) ≤ 𝐵𝑖𝑔𝑀 ∗ 𝑠𝑤𝑖𝑡                  ∀ 𝑖 , 𝑡 ≥ 2 (15) 
𝑚𝑑𝑖𝑡 − 𝑚𝑑𝑖(𝑡−1) ≥ −𝐵𝑖𝑔𝑀 ∗ 𝑠𝑤𝑖𝑡           ∀ 𝑖 , 𝑡 ≥ 2 (16) 
In the above calculations, M is defined as a large number. To elaborate more how 
the model determines if switching has happened (swit=1) or not (swit=0), further 
explanations are provided below. 
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Assuming the left hand side of the above inequalities (mdit-mdi(t-1)) is a variable 
named Fit, and based on the previous explanation about values for mdit, possible values for 
F are -2, -1, 0, 1, and 2. Switching happens if F is -2, -1, 1, and 2. Respectively, there will 
be no switching if F is 0. We should prove that for all possible values of F, the correct 
switching will be calculated using inequalities (15) and (16).  
Starting from F=-1, which means EV mode changes from charging ‘1’ to idle ‘0’, 
(F=0-1) or from idle ‘0’ to discharge ‘-1’, (F=-1-0).  
{
𝐹 ≤ 𝑀 ∗ 𝑠𝑤
𝐹 ≥ −𝑀 ∗ 𝑠𝑤
 
As it has just been proved, the first row of the inequality does not find the sw value. 
According to this inequality, both sw of 0 and 1 are possible. However, the second 
inequality finds sw to be 1. In other words, the second inequality is correct only if sw is 1. 
So, if F=-1, the constraints (15) and (16) will be used to calculate the value of 1 for sw, as 
expected. 
Now, for F=-2, which means EV mode changes from charging ‘1’ to discharging 
‘-1’, (F= -1-1), sw calculations will run as bellow. 
{
𝐹 ≤ 𝑀 ∗ 𝑠𝑤
𝐹 ≥ −𝑀 ∗ 𝑠𝑤
                      
Similarly to F=-1, the first inequality does not find the sw value; both sw of 0 and 
1 are possible according to this inequity. Still, the second inequality calculates sw of 1. In 
other words, the second inequality is correct only if sw is 1. Thus, if F=-2, switching will 
be 1.  
{
−1 ≤ 𝑀 ∗ 𝑠𝑤
−1 ≥ −𝑀 ∗ 𝑠𝑤
 
{
−2 ≤ 𝑀 ∗ 𝑠𝑤
−2 ≥ −𝑀 ∗ 𝑠𝑤
 
If F= -1 Then {
𝑠𝑤 = 0 𝑜𝑟 1
𝑠𝑤 = 1
 
If F=-2 Then {
𝑠𝑤 = 0 𝑜𝑟 1
𝑠𝑤 = 1
 
  31 
Moving to F=1, which means EV’s mode changes from idle ‘0’ to charging ‘1’, 
(F=1-0), or from discharging ‘-1’ to idle ‘0’, (F=0-(-1)), the sw calculations will be as 
below:  
{
𝐹 ≤ 𝑀 ∗ 𝑠𝑤
𝐹 ≥ −𝑀 ∗ 𝑠𝑤
  
This time, the second inequality does not define the value for sw. It is the first 
inequality which calculates the sw of 1, as it is expected to be. 
The next possible value for F is 2; it happens when EV’s mode changes from 
discharging ‘-1’ to charging ‘1’, (F=1-(-1)). This is illustrated by the following 
calculations. 
{
𝐹 ≤ 𝑀 ∗ 𝑠𝑤
𝐹 ≥ −𝑀 ∗ 𝑠𝑤
                         
Again, it is the first inequality which calculates the sw of 1 as it expected to be. 
Finally, when F=0, which means no changing in modes happens for EVs, and EVs 
are in the same mode as their previous period; If they were being charged, discharged or 
idle in the period (t-1), they are being charged, discharged and idle in the period t as well. 
This is the same for other modes of discharging, and idle.  
{
𝐹 ≤ 𝑀 ∗ 𝑠𝑤
𝐹 ≥ −𝑀 ∗ 𝑠𝑤
 
  As can be seen in the above, in the case of F=0, both sw of 1 and 0 meets both 
above inequalities and are possible for the model to be calculated as sw. So, these two 
constraints are not enough for the model to calculate the sw value. The best way of forcing 
the model to calculate a 0 value for switching when F=0 is to use the objective function. 
{
1 ≤ 𝑀 ∗ 𝑠𝑤
1 ≥ −𝑀 ∗ 𝑠𝑤
 
{
2 ≤ 𝑀 ∗ 𝑠𝑤
2 ≥ −𝑀 ∗ 𝑠𝑤
 
{
0 ≤ 𝑀 ∗ 𝑠𝑤
0 ≥ −𝑀 ∗ 𝑠𝑤
 
If F= 1 Then {
𝑠𝑤 = 1
𝑠𝑤 = 0 𝑜𝑟 1
 
If F= 2 Then {
𝑠𝑤 = 1
𝑠𝑤 = 0 𝑜𝑟 1
 
If F=0 Then {
𝑠𝑤 = 0 𝑜𝑟 1
𝑠𝑤 = 0 𝑜𝑟 1
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Since we have a maximization objective function, we manipulate the model by adding the 
switching in the objective function with a negative coefficient. This coefficient is a very 
small value such as “ε”. Having this in the objective function, in the case of F=0, the model 
will choose sw of 0.  The modified objective function for the third scenario is demonstrated 
in equation (17).  
𝑀𝑎𝑥 (∑ ∑ 𝑦𝑖𝑡
𝑖𝑡
∗  𝑝𝑡 − ∑ ∑ 𝑥𝑖𝑡
𝑖𝑡
∗ 𝑐𝑡 −  ∑ 𝑝𝑐 ∗ 𝑧𝑖
𝑖
− ∑ ∑ 𝑠𝑤𝑖𝑡
𝑖𝑡
∗ ε) (17) 
After switching numbers is calculated for each EV using the above explanations, 
the limit for these switching is defined by equation (18) in the constraints of the model.  
∑ 𝑠𝑤𝑖𝑡 ≤ 𝑛𝑠𝑤𝑖           ∀ 𝑖
𝑡
 
(18) 
Now that the model is complete, all the objective functions and constraints in all 
three scenarios are described in detail. The proposed offline mathematical model is solved 
using CPLEX Mixed-Integer Programming solver in the General Algebraic Modeling 
System (GAMS). 
3.3 Online Scheduling Model 
 3.3.1 Overview 
Unlike the offline model, none of the EVs’ information is identified ahead of time 
in the online scheduling model. However, the V2G management is aware of all the grid 
specifications beforehand. But, the parking lot management does not know how many EVs 
are going to enter the system at each period, when they want to leave the system, how much 
charge they currently have, and how much electricity they need; it is a dynamic model 
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which is more realistic compared to the offline model. For modeling this online scheduling 
problem, the Rolling Horizon Optimization (RHO) approach is used and linked with the 
mathematical modeling developed before. The RHO technique helps the V2G system to 
receive EVs’ information, period by period, and send this data to the mathematical model 
in order to get the optimum scheduling for EVs in the system (Hosseinpour & Egbue, 
2015). In the next subsection, the developed online scheduling algorithm is described. 
 3.3.2 Online Scheduling Algorithm 
In the online scheduling algorithm, period by period, as EVs enter the parking lot, 
the aggregator acquires EVs’ data. This data includes: EVs’ arrival time, departure time, 
initial and desired state of charge, and EVs’ battery capacity. The developed online 
scheduling algorithm which is based on the RHO approach is described in Figure 6.  
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Input Parameters: Cp, C,... 
i=1
t=1
Add Vehicle to 
Availability matrix (AV)
ai ≥ t & di ≤ t
i=i+1
i ≤ I Finish
t=t+1 t ≤ T AV = Ø
Run the model for the 
available vehicles
Update parameters
Empty AV
Store the scheduling plan
No Yes
Yes
NoYes
No
Yes No
 
Figure 6. Online scheduling algorithm (Hosseinpour & Egbue, 2015) 
The parameters used in the above algorithm are the same as the ones used for 
mathematical modeling in section 3.2.3. For example, ai is the arrival time, and di is the 
departure time of EV i. One parameter is added here, AV, which is the availability matrix 
including indexes associated with available EVs. 
The algorithm starts at period 1 (t=1). Then, it checks if there is any vehicle 
available in the system or not. Vehicle availability is defined by ai ≥ t & di ≤ t. This means 
the vehicle’s arriving time should be more than or equal to the current system time and its 
departure time should be less than or equal to the current time. If there is no available EV 
at that specific period, the algorithm moves to the next period. Otherwise, if there are some 
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available vehicles in the system, the model adds them in the AV matrix. The algorithm gets 
the input parameters of the available EVs and moves to the next available EV at the same 
period. This will continue through the last EV in the system at that period (Hosseinpour & 
Egbue, 2015). 
In the next step, the algorithm sends the information to the mathematical 
optimization model to identify the optimal charging and discharging plans for those EVs. 
The optimization model is the same as the offline scheduling mathematical model 
described before in the section 3.2.3. As explained before, the mathematical model is 
considered to be a Mixed Integer Programming with the objective function of maximizing 
EV owners’ satisfaction. Just like the offline mode, three scenarios are considered in the 
online model as well. After storing the charging and discharging plans for the available 
vehicles, the algorithm updates the system parameters and makes the AV matrix empty 
again. Moving to the next period, different vehicles enter the system and get their charging 
and discharging schedules for their duration in the system.  
The proposed online scheduling model is solved using CPLEX Mixed-Integer 
Programming solver in the General Algebraic Modeling System (GAMS), and MATLAB 
software. 
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CHAPTER 4 
 
 
RESULTS 
 
4.1. Numerical Example 
To test the efficacy of the proposed offline and online scheduling models, the 
system of a smart parking lot has been considered and a numerical example is generated 
respectively. In this parking lot, 500 electric vehicles are assumed to participate in the 
vehicle to grid system. The model simulation is conducted for one day, 24 hours. System 
time is divided into 30 minute periods, which results in 48 planning periods {1,…,48}. 
Arrival times of EVs in the parking lot are assumed to be uniformly distributed between 6 
a.m. and 6 p.m. or period 13 and period 37. Moreover, EVs’ departure times are also 
uniformly distributed between their arrival times and the last period in the system (48). 
Based on the generated arrival and departure times, parking lot utilization during the 48 
planning horizon periods is demonstrated in Figure 7. 
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Figure 7. Parking lot utilization 
There are three charging levels available for plug-in EVs. The level one charger 
uses a standard 120 voltage circuit that is typically available in buildings in the United 
States. If EVs need to be charged at homes overnight, level one charging is the most 
suitable charging level to utilize (Dong et al., 2014). The advantage of level one charging 
is that it is already available and no infrastructure investments are required, but it takes 
longer for a full charge (Grahn & Söder, 2011). The level two charger uses a 240 voltage 
circuit. It requires a system upgrade for installing level two charging stalls, and it can be 
employed in public charging stations. The level three charger is the fastest, charging EVs 
at a very high rate. With a level three charger a Nissan Leaf can be charged to the 80% 
level of its battery capacity in 30 minutes. Installing level three chargers is very costly, and 
it requires a lot of infrastructure changes (Dong et al., 2014).   
Given the information above, the parking lot in this study is equipped with level 
two charging stalls (240 VAC, 3.3 kW/hour) for EVs to connect to the electricity network 
for charging and discharging. 
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It is important to note that in this study, the electricity for charging and discharging 
is measured in terms of “electricity units”. Based on 30 minute planning interval considered 
in this study, and for a level two charging, each “electricity unit” is equal to 1.65 kW per 
period.  
Furthermore, there are two types of electric vehicles participating in the V2G 
parking lot in this study; BEVs and PHEVs. We assumed that all the PHEVs are Chevy 
Volts and all the BEVs are Nissan Leafs. Random numbers are generated to specify the 
types of EVs. Based on the randomly generated numbers, we have 264 PHEVs, and 236 
BEVs in our numerical example. According to the U.S. department of energy, Nissan Leaf 
and Chevy Volt have a maximum battery capacity of 24kWh and 16.5kWh respectively 
(U.S. Department of Energy, 2011a, U.S. Department of Energy, 2013). Therefore, the 
maximum battery capacity, mci, for BEVs is 15 in terms of electricity units. Accordingly, 
PHEVs’ mci is 10 electricity units.  
Next, the minimum desired electricity units retained when discharging, mri, is 
calculated. mri values are generated based on the assumption of being uniformly distributed 
between 1 and 20% of EV’s mci. Based on this assumption, the values for mri, are 1, 2, or 
3 electricity units. And, EVs’ battery cannot be discharged beyond these values. The mri 
frequencies are shown in Figure 8.  
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Figure 8. EV mri value frequencies 
When EVs enter the parking lot, their battery has a certain level of charge. This 
level of battery charge, called “initial state of charge” in this study (isoc), is assumed to be 
uniformly distributed between mri and mci. The values for isoc are generated as the 
minimum of 1 and maximum of 14 electricity units. The distribution of isoc values are 
shown in Figure 9. The EV owners also desire to leave the parking lot with a specific charge 
level. This parameter, defined as the “desired state of charge” (u), is randomly generated 
as well. U values are uniformly distributed between isoc and mci. The minimum and 
maximum generated values for u are 1 and 15 electricity units respectively. Figure 10 
shows the frequency of u values. 
 
Figure 9. Distribution of isoc values 
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Figure 10. Distribution of u values 
 Figure 11 demonstrates both isoc and u values at the same time for 50 randomly 
selected EVs.  
 
Figure 11. isoc and u values for 50 randomly selected EVs 
 It should be mentioned that EV owners determine their desired state of charge 
rationally and based on their duration in the parking lot.  
 Every EV’s battery has a specific age. The battery age for EVs, bai, are generated 
using random numbers between 1 and 10. This parameter is shown in Figure 12. 
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Figure 12. EVs' battery age 
There is a maximum number of switches being considered in the third scenario of 
both offline and online models. This maximum number of switches for each EV, nswi, is 
defined based on EV battery age. Table 1 shows the nsw values based on battery ages.  
Table 1. Maximum number of switches  
Battery 
Age 
NSW 
 (Maximum Number of switches) 
ba<=3 8 
3<ba<=7 7 
ba>7 5 
As shown in the table above, EVs with less than or equal to 3 battery ages have an 
nsw of 8. For the cars that have a battery age greater than 3, but less than or equal to 7, the 
EV can be switched 7 times. Finally, for battery ages older than 7 years, the maximum 
number of switches is 5 times. 
Ct, the price of every electricity unit during charging in period t, is extracted from 
the graph provided in one of the previous studies (Xu, Xie, & Singh, 2010), using Plot 
Digitizer software. We converted the prices to determine the electricity price in cents and 
0
10
20
30
40
50
60
70
1 2 3 4 5 6 7 8 9 10
41
62
48
43
31
70
47
59
53
46
F
re
q
u
en
cy
Battery Age
  42 
each electricity unit of 1.65kW per 30 minutes. Furthermore, the price of each electricity 
unit during discharging in period t, Pt, is assumed to be the same as Ct.  
The next grid parameter defined is the electricity capacity available at the smart 
parking lot to be used for charging EVs. This parameter, which is noted as cpt, is calculated 
using equation (19). 
cpt=[Electricity generation at period t]–[Non-EV electricity demand at period t] (19) 
Non-EV electricity demand is extracted from the study by Xu et al. (2010) using 
Plot Digitizer software. According to their study, the maximum load is calculated to be 10 
MWh. Considering the maximum electricity load, we assumed that the maximum 
electricity generation should be higher than the maximum load (10 MWh), and is equal to 
10.5 MWh. Also, in this study, we asserted that only 10% of this electricity is available for 
the parking lot. All cpt values are calculated in terms of electricity units.  
To compare the rationality of the generated values for load, capacity, and price, 
capacity and load are plotted against time. Figure 13 shows the available electricity units 
versus the price of electricity units at each period. Figure 14 shows the non-EV electricity 
demand at each period versus the price of electricity respectively.  
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Figure 13. Available electricity capacity vs price of electricity units 
 
Figure 14. Non-EV electricity demand vs price of electricity units 
As it can be seen in the above graphs, whenever the load is higher, the price of 
electricity goes up as well. Moreover, the price of electricity is lower at the periods when 
there is more electricity capacity available.  
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4.2. Offline Model Results 
In the first scenario, the objective function is to maximize the money EV owners 
earn from discharging. No unfulfilled electricity units are considered in this scenario. After 
running the model, in total, 1,368 electricity units were used for charging EVs, and 3,599 
electricity units were discharged back to the grid. As it can be seen, the system schedules 
more discharging than charging for EV batteries.  
There are more discharged electricity units because of V2G management’s 
emphasis on maximizing financial benefits to the customers regardless of the effect of 
unfulfilled electricity units on their satisfaction. As a result, a large number of customers 
depart the parking lot without getting their desired state of charge. Moreover, since there 
is no switching limit in the first scenario, the numbers of switching are high, as expected.  
In the second scenario, penalty cost for unfulfilled electricity units is added to the 
objective function. This parameter, pc, is determined as the maximum price of electricity 
unit in the planning periods, which is 19 cents. Now that the system includes the desired 
state of charge of customers, it is expected to have more scheduled charging, compared to 
the first scenario. The result of running this model shows that altogether, 3,042 electricity 
units are charged and 1,745 electricity units are discharged in the system. In this scenario, 
the maximum number of switches is not incorporated in the model. Therefore, there are 
uncontrolled numbers of switching in this scenario. 
In the third scenario, the upper limit of switching is added to the model. These 
switching constraints limit the maximum number of switches for an EV with respect to its 
battery age. As previously illustrated in Table 1, the maximum number of switches for the 
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youngest cars is 8. Thus, we expect the model to function as planned, since this limit is 
added in the constraints of the model. Figure 15 demonstrates the frequency of different 
numbers of switches in the different scenarios.  
 
Figure 15. Frequency of number of switches in the offline all three scenarios 
Furthermore, there are 3,012 electricity units from charging and 1,723 electricity 
units from discharging in this scenario, which are very close to the ones in the scenario 
two. Figures 16 and 17 show EVs charging and discharging comparison for all three 
scenarios. From these figures, it can be observed that in the first scenario, discharging 
occurs more often compared to scenario two and three. Also, charging is higher in the 
second and third scenario compared to the first one.  
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Figure 16. Charged electricity units comparison for all scenarios of offline model 
  
Figure 17. Discharged electricity units comparison for all scenarios of offline model 
Figure 18 compares electricity prices with scheduled charging and discharging in 
scenario three. As intended, it can be observed that charging is mainly scheduled during 
lower prices of electricity, and discharging happens mostly when electricity prices are 
higher. 
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Figure 18. Offline scenario 3 charging and discharging comparison vs electricity prices 
Figures 19 shows z values in the first, second, and third scenarios respectively. It 
can be observed that z values are much higher in the first scenario. In the second scenario, 
z values for 451 EVs are equal to 0, which means that these EVs leave the system with 
exactly the desired state of charge. The same follows in the third scenario, which z values 
are still low, and there are 438 cars with 0 unfulfilled electricity units, which is a little lower 
compared to the second scenario because of limited number of switches added in the third 
scenario.  
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Figure 19. Frequency of unfulfilled electricity units in the offline all three scenarios 
To observe and compare unfulfilled electricity units at the same time, Figure 20 
shows z values for 50 randomly selected EVs in all three scenarios. As previously explained 
and shown in this figure, z values for the first scenario are a lot higher than scenario two 
and three, which have mostly the same z values. In the second and third scenarios, the 
customers would be more satisfied, since their demand in terms of state of charge are 
almost met to the desired level. 
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Figure 20. Z values comparison for 50 random EVs in three scenarios of offline model 
To observe how the proposed model performed with respect to the capacity, Figure 
21 demonstrates charged electricity units in scenario three compared to the available 
capacity. This figure shows charging never exceeds the capacity, as expected. Also, during 
some periods with limited electricity available for the parking lot (peak hours), almost all 
the capacity is used for charging EVs.  
 
Figure 21. Capacity versus charged electricity units in offline scenario three 
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4.3. Online Model Results 
To solve the online model, MATLAB and GAMS software are linked together. The 
developed rolling horizon algorithm explained in Figure 6 in chapter 3 are coded in 
MATLAB. According to this algorithm, MATLAB receives the information regarding EVs 
in each period, does some analysis on the input data to find out available and ready to 
schedule EVs, and then sends this information to the GAMS in order to find the optimal 
charging and discharging schedules for EVs. GAMS is then run, and sends the output back 
to MATLAB. Afterward, based on the information received from GAMS, MATLAB will 
update parameters, and move to the next period, repeating the process until all EVs are 
scheduled in the parking lot.  
All three scenarios presented in section 4.3 apply to the online model. Based on the 
objective function, it is expected that discharging will be scheduled more than charging in 
scenario one. The output of MATLAB and GAMS show that 1,313 electricity units were 
consumed for charging EVs, and 3,482 electricity units were consumed for discharging 
EVs. Not having a penalty cost for unfulfilled electricity units makes a significant number 
of customers leave the system with a state of charge below what they desired.  
In the second scenario, a penalty cost for unfulfilled electricity units is considered. 
The objective function is the same as scenario two in the offline model. The same as the 
offline model, pc is 19, equal to the maximum price of electricity unit in the planning 
periods. With this being stated, it is expected to have more scheduled charging and less 
discharging compared to scenario one. The result of this model demonstrates 2,973 
electricity units of charging and 1,754 electricity units of discharging. 
  51 
In the third scenario, the objective function does not change and is the same as the 
second scenario. The difference between second and third scenario is in the switching 
constraints added to scenario three. Therefore, it is expected to have almost the same total 
number of charging and discharging electricity units in scenario three and two. The result 
of this scenario shows there are 2,953 electricity units charged to EVs and 1,747 electricity 
units discharged from EVs to the grid. If we compare these numbers with the numbers in 
scenario two, it can be seen they are very close to each other. Both Figures 22 and 23 show 
EVs charging and discharging comparison in all three scenarios. As explained before, it 
can be seen that discharging is scheduled more in scenario one compared to scenario two 
and three, and charging occurs more in the second and third scenario with respect to the 
first scenario. 
 
Figure 22. Charged electricity units comparison of all scenarios of online model 
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Figure 23. Discharged electricity units comparison of all scenarios of online model 
Figures 24 demonstrates z values in the first, second, and third scenarios.  
 
Figure 24. Frequency of unfulfilled electricity units in the online scenarios one, two and three 
As shown in the above figures, z values are higher in scenario one. In the second 
and third scenarios, 420 and 414 EVs leave the system with exactly 0 unfulfilled electricity 
units respectively.  
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Figure 25 is plotted to show z values for 50 randomly selected EVs in all three 
scenarios. As previously explained, z values for scenarios two and three are lower than 
scenario one, which means a lower level of customer satisfaction in the first scenario.  
 
Figure 25. Z values comparison for 50 random EVs in three scenarios of online model 
In the next step, we examine the effect of having an upper limit for number of 
switches in the online model. In the first and second scenario, there is no switching limit 
in the model, therefore the numbers of switching, sw, are expected to be high. Figures 26 
demonstrates the frequency of different numbers of switching in the first, second and third 
scenarios. As can be observed from this graphs, in scenarios one and two, some EV 
batteries switch for 13 or 14 times between different modes, which is very high.  
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Figure 26. Numbers of switches in online scenarios one, two and three 
Furthermore, to test the efficacy of the model, a comparison of electricity prices 
with scheduled charging and discharging in scenario three is plotted in Figure 27. This 
figure shows that charging is mainly scheduled during lower prices of electricity, and 
discharging happens mostly when electricity prices are high. 
 
Figure 27. Online scenario 3 charging and discharging vs electricity prices 
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Moreover, to test the performance of the model with respect to the parking lot’s 
electricity capacity, Figure 28 plots charged electricity units in scenario three versus the 
available capacity. As expected, this figure demonstrates charging never goes beyond the 
capacity.  
 
Figure 28. Capacity versus charged electricity units in online scenario three 
4.4. Offline and Online Model Comparison 
In the offline model, it is assumed that all EV information is known ahead of time; 
the model solves the scheduling optimization problem considering all EVs information. 
The output of this model is the optimized solution. On the other hand, in the online model, 
flow of EVs into the system and their specifications are not identified in advance. In such 
dynamic problems, heuristic or meta heuristic algorithms are the most common 
mythologies used. There is no guarantee that the result of these algorithms would be 
globally optimal, and most of the time, worse than the results of the offline model which 
is the optimal solution.  
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In this thesis, rolling horizon optimization approach is applied to the online model 
instead of heuristic or meta heuristic algorithms. Using RHO allowed the author to link the 
online algorithm with the optimization tool, which resulted in a global optimal solution. 
The main reason for applying RHO in this study is to get an optimal solution even if the 
problem is dynamic. Therefore, it is not expected the results of offline and online models 
will be very different. To examine the performance of the proposed models, plots of 
comparing online and offline are developed in this section.  
Tables 2 and 3 demonstrate the total number of charged and discharged electricity 
units in each of the three scenarios for both offline and online models. As table 2 shows, 
total charging in scenario one for both offline and online models are very close to each 
other, 1,368 and 1,313 units. The same conclusion applies for scenarios two and three, and 
for discharging as well. 
Table 2. Total number of charging comparison 
Model 
Total Charging 
 Scenario 1  Scenario 2  Scenario 3 
Offline 1,368 3,042 3,012 
Online 1,313 2,973 2,953 
Table 3. Total number of discharging comparison 
Model 
Total Discharging 
 Scenario 1  Scenario 2  Scenario 3 
Offline 3,599 1,745 1,723 
Online 3,482 1,754 1,747 
Figures 29, 30, and 31 show offline and online charging and discharging 
comparison in each of scenarios one, two, and three respectively. As can be observed from 
these figures, the charging for offline and online are mostly the same in all three scenarios.  
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Figure 29. Offline & online charging and discharging comparison in scenario one 
As with charging, it can be observed from these figures that discharging for offline 
and online are also mostly the same in all three scenarios. 
 
Figure 30. Offline & online charging and discharging comparison in scenario two 
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Figure 31. Offline & online charging and discharging comparison in scenario three 
Figures 32, 33, and 34 show offline versus online z values for scenarios one, two, 
and three.  
 
Figure 32. Offline & online Z values comparison in scenario one 
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Figure 33. Offline & online Z values comparison in scenario two 
 
Figure 47. Offline & online Z values comparison in scenario three 
As can be observed, z values are almost the same in offline and online models, with 
the online z values in scenarios two and three slightly higher than the offline model. This 
can be interpreted as the difference between the online model where the V2G system 
schedules EVs in one period without knowing what is going to happen next; in the offline 
model, all the EV information is taken into account.  
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CHAPTER 5 
 
 
CONLUSION AND FUTURE WORK 
 
5.1. Concluding Remarks 
One of the potential barriers for large scale EV adoption is the electricity grid may 
not be ready to handle the extra load EVs would cause in the power network. A technology, 
which if successfully deployed, would help to manage the additional EV electricity demand 
in the network is the V2G technology. In this thesis, new EV offline and online scheduling 
models were developed from the customers’ point of view. This is because EVs play the 
most important role in a V2G system, thus their owners need to be satisfied to be 
encouraged to participate in the V2G and help the power company and aggregator to 
achieve their goal of leveling the electricity demand. In the proposed models, using 
different scenarios and incorporating different factors, the customer satisfaction was 
maximized.  
The offline model was developed in the case that all the information was imported 
in the model, and the scheduling was determined by considering all the required 
parameters. However, in the online model, EVs information is not revealed before they 
enter the V2G system, therefore they could not be considered in the schedule planning. EV 
data is added to the system as they enter the parking lot. So, when deciding the charging 
and discharging schedules for a particular EV at a specific period, the V2G management is 
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not aware of the information of any subsequent EVs entering the charging station. An 
objective of this study was to examine the efficacy of the Rolling Horizon Optimization 
approach used for the online model to identify how different the results of the online model 
were from the offline one. Based on the results discussed in chapter 4, it was demonstrated 
that the online model results are optimum and very close to the offline model. This is a 
better performance compared to other online methodologies such as heuristics and meta 
heuristics algorithms which do not guarantee an optimal solution. 
5.2. Future work 
This thesis discussed offline and online charging/discharging models for electric 
vehicles from the customers’ perspective. Here, the numerical example data is generated 
using statistical functions, and tried to be as rational as possible. To incorporate more of a 
customer point of view to this work in the future, potential EV customers should be studied 
carefully, customer profiles need to be created, and their attributes and behaviors should 
be considered in the model as well as the numerical example section. For example, arrival 
times, departure times, state of charge, desired level of battery charge, and other parameters 
should be calculated based on customers’ daily working commute and driving patterns.  
Also, since PHEVs can use other fuels, prioritizing BEVs over PHEVs would be 
the other consideration in the future work. Moreover, it could be included in the model to 
prioritize EVs based on their initial and desired state of charge. The current models 
developed in this thesis are deterministic; therefore future research can develop a stochastic 
modeling and programing of the scheduling problems 
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